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We believe that interoperable foundational software can accelerate science

sCvVerse

Foundational tools for single-cell omics data analysis
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We facilitate the growth of an ecosystem of methods, built upon our core libraries
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Talks overview

From upstream packages to downstream tasks
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Spatial technologies enable the quantification of biological processes in the tissue context

Bulk resolution Single-cell resolution Spatial omics at single-cell
or spot resolution
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Spatial organization plays a crucial role in disease progression

Lung squamous cell car

B T1CGA-D3-A2F

.

Adapted from Bakwill et al. (. Cell Sd, 2018) Adapted from Saltz et al. (Cell Reports, 2018)

Tumor microenvironments are organized in complex spatial In this study, lymphocytes (red) infiltrating beyond the tumor
structures boundaries (yellow) are linked with better prognosis



Different types of omics data

Spatial proteomics
Staining images (one channel = one protein)

Up to 100 proteins (3 shown here)

Spatial Transcriptomics (NGS-based)
Whole-transcriptome sequencing

Limited to the spot resolution (subcellular resolution
with the Visium HD)

- o $ =¥ Limited in number of different genes

Pathology (H&E) slide




Representing and operating on spatial omics data is becoming increasingly complex
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Scalability becomes pressing as datasets grow exponentially in size

Number of genes per dataset Total number of cells per study

Moses & Pachter (Nat Methods, 2022) Moses & Pachter (Nat Methods, 2022)

Data can (already) be large

Datasetfrom Erickson, Lundeberg etal. (Nature, 2022)
Single slide Multiple (overlapping) slides in space



To reach the goal of building a foundational infrastructure, we bridged existing communities
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OME (Open Microscopy Environment)
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e (Nature Methods, 2024)
(L)
~s OMEZarr .

Large images, standard formats

Napari core

napari
Interactive visualization



Data is represented with a modular combination of reusable elements
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SpatialData introduces a modular representation for spatial omics

The SpatialData object

Spatial :
elements > 4

L. Marconato, O. Stegle, et al. (Nature Methods, 2024)
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https://www.nature.com/articles/s41592-024-02212-x

Chunked, multiscale representation leads to efficient image access
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SpatialData |0 streamlines data ingestion from popular technologies

SpatialData 10 (=Input Ouput)

cosmx_sdata = spatialdata.io.

— —
SpatialData
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SpatialData unifies the representation of spatial omics across technologies

Data atdifferent scales
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SpatialData unifies the representation of spatial omics across technologies

Data atdifferent scales
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SpatialData unifies the representation of spatial omics across technologies

Data at different scales

Visium Visium HD
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Reading the data from disk:
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SpatialData unifies the representation of spatial omics across technologies
Visium HD

Data at different scales
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spatialdata-plot enables static, composable visualization

spatialdata plot
spatialdata_plot
sdata_xenium.
s()

(ealors 5T3") e o1 ts("transcripts”™, color="feature name®, groups="EPCAM

e", coordinate_systems="globa
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Napari SpatialData enables interactive data visualization and annotation

Napari plugin
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Generalized, reusable operations are defined for SpatialData objects

Documentation:
https://spatialdata.scverse.org/en/stable/

Coordinate transformations
e.g. rotate an image

Deep learning interface
e.g. create image tiles around cells

o
@f? O PyTorch
1Y

Spatial queries
e.g. crop the data

Spatial aggregations
e.g. count transcripts inside cells
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https://spatialdata.scverse.org/en/stable/

Some usage examples of these operations
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Aligning multiple modalities with a landmark-based workflow
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Creating deep learning datasets from multiple aligned modalities

Dataset

O PyTorch

Dataset tiles_
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Image tiles

DenseNet121

Predictions: cell type



Aggregation example: computing cell types fractions within regions of interest

Xenium 1
0.0 0.5 1.0
Xenium cell types Manually annotated ROI Cell type fraction
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Collaborator: Elyas Heidari
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The community is enabling interoperable analysis of SpatialData objects via a growing ecosystem

SpatialData object
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Very performant visualization of 2um Visium HD bins in napari using rasterize bins()

ST R
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~1000x speed-up for visualizing Visium HD data in napari

¢3) scverse



We are supporting Bioconductor developers building on top of SpatialData Zarr

Helena Crowell, Louise Deconinck, Yixing Dong, Vincent Carey, Dario Righelli, Artir Manukyan
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The CZI CELLXGENE Census database is expanding to spatial, and now exports to SpatialData

Single-cell RNA
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We are preparing a public database of curated spatial omics datasets
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